Introduction

14
Single-cell sequencing has provided unique insights into the genetic diversity of living 15 organisms and among different cells within the same individual [1] [2] [3] . Recent single-cell analyses 16 have uncovered different clonal populations within a single tumor 4, 5 , revealed genomic diversity 17 in gametes 6, 7 and neurons 8, 9 , and resolved historical cellular lineages during development 10, 11 . 18
Single-cell sequencing also has many potential clinical applications, such as characterization of 19 circulating tumor cells 12, 13 or fine-needle aspirates for clinical diagnostics. 20
A major drawback of single-cell sequencing, however, is the need to amplify genomic 21 DNA prior to genomic characterizations [14] [15] [16] [17] . Due to the limited processivity (<100 kb) and 22 strand extension rate (<100 nt/second) of DNA polymerases, the amplification of large genomes 23 requires priming and extension at millions of loci, each amplified 10,000 to 1,000,000 fold. Such 24 a large number of polymerase reactions inevitably generate amplification errors that confound 25 the detection of genetic variants (Supplementary Fig. 1 ). Furthermore, differential priming 26 efficiencies and extension rates result in uneven amplifications across the genome 18, 19 and 27 skewed representations of homologous chromosomes. These variations both compromise variant 28 detection sensitivity and may lead to incorrect genotypes 5, 12 . Although technological innovations 29 may improve the fidelity of whole-genome amplification (WGA) [15] [16] [17] [20] [21] [22] [23] , statistical fluctuations 30 in the amplifications of millions of different DNA templates will persist. 31
As genetic variants are detected by the relative abundance of variant-containing DNA 32 templates in the library, non-uniformity in genome coverage directly impacts the sensitivity to 33 detect variants. For example, grossly non-uniform libraries emphasize only over-represented 34 regions of the genome, and contain little information on other regions. Current methods to assess 35 the uniformity of WGA rely on either direct visual inspection or various statistical measures of 36 By contrast, for the MDA generated library, the distribution of single-base level coverage 111 remains constant until the bin size exceeds the amplicon size ~ 10 kb. Characterization of 112 coverage non-uniformity by Lorenz curves 22 also confirmed that the same bias was observed for 113 bin sizes less than or comparable to the amplicon size and was independent of the sequencing 114 depth. In particular, at sequencing depths ≪ 1x, the majority of the genome is uncovered and 115
shows no variation in the single-base-level coverage; amplification bias, however, is manifested 116 in the correlation between covered loci and can be evaluated by low-pass sequencing. For typical 117 MDA-generated libraries, the amplicon size (~ l c ) is on the order of 10 kb, hence at 0.1x 118 sequencing depth there are 0.1 × 10 4 /100 ≈ 10 reads (assuming 100 bp single-end reads) on 119 average for each amplicon. As long as the number of reads per amplicon is much larger than the 120 statistical variation due to random selection in sequencing (e.g., assuming poisson distribution, 121 the standard deviation of the observable is given by the square root of the expectation), the 122 percentage of such amplicons can be accurately calculated. At 0.1x sequencing, the amplicon-123 level coverage can accurately predict the fractional genome coverage down to 0.1x mean depth, 124 when there is approximately one read for each of these under-represented amplicons; below this 125 depth, low-pass sequencing at 0.1x cannot distinguish between regions that are severely under-126 amplified (< 0.1x mean depth) and those that dropped out of amplification. 127
Magnitude of amplicon-level variation determines coverage 128
We tested the validity of the correlation analysis by analyzing DNA libraries generated 129 from different types of cells and by different amplification technologies. For this purpose, we 130 analyzed single-cell sequencing data of additional RPE-1 samples (Supplementary Fig. 2 ) and 131 data from multiple published studies, including frozen glioblastoma nuclei 27 (Supplementary 132 Supplementary Fig. 8) ; all samples were amplified by MDA. SW480 cells were also 135 amplified by quasi-linear multiple annealing and looping-based amplification cycles 136 (MALBAC). The amplicon size in MDA-generated libraries ranged from 5 to 50 kb, with the 137 sperm libraries having the lowest l c ≈ 5 kb (Supplementary Fig. 7) . Interestingly, MDA of 138 hundreds or thousands of neurons exhibited similar amplicon sizes between 10-20 kb 139 (Supplementary Fig. 6 ), consistent with estimates by standard and alkaline gel electrophoresis 8 .
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In contrast, MALBAC showed a much shorter correlation length ~ 600 bp ( Supplementary Fig.  141 8), consistent with the reported average amplicon size (500-1500 bp) 22 . We also found 142 significant correlations at the fragment-size level in one single-cell library and the reference bulk 143 library 5 that persisted at high sequencing depths ( Supplementary Fig. 5 ); these correlations 144 reflected substantial GC bias at the fragment level absent in the other bulk libraries and likely 145 arose during library preparation due to PCR. Despite the vastly different correlation lengths 146 evident in MDA and MALBAC amplifications, our analysis accurately predicted the cumulative 147 coverage distribution in all libraries sequenced to above 10x from computationally down-148 sampled sequencing data at 1x or less ( Supplementary Fig. 2, 4-8) . 149
To benchmark the performance of different single-cell libraries, we compared the fraction 150 of covered genome (≥ 1x) when each library was sequenced to 1x. This percentage was either 151 computed directly from down-sampled data (when the original data had higher depths) or 152 inferred from the depth-of-coverage curve when the original data had lower depths. The 153 coverage benchmark was plotted against the magnitude of amplicon-level variation as measured 154 by the plateau correlation strength at the amplicon scale (Methods) (Fig. 2c) where y is the percentage of covered genome and x is the (dimensionless) correlation magnitude. 163
Except for the single-sperm libraries that exhibited substantial bias, all other analyzed data 164 closely followed this relationship. This result suggested that the uniformity of genome coverage 165 is solely determined by the amplicon-level variation but not the amplicon size. Therefore, one 166 can directly employ this empirical relationship to benchmark the uniformity of single-cell 167 libraries by the correlation magnitude that can be accurately computed from low-pass sequencing 168 ~ 0.1x. 169
We further selected the best single-cell libraries from each study and compared the 170 fraction of genome covered at different depths as observed in the original high-depth sequencing 171 (Fig. 2d) . Due to the different sequencing depths applied to these libraries, we plotted all 172 cumulative genome coverage against the normalized depth (by the mean depth). The benchmark 173 of amplification uniformity as measured by the depth-of-coverage curve agrees with the 174 computed correlation magnitude (Fig. 2c inset) . 175
Finally we also analyzed the base-level coverage in single-cell libraries amplified by 176 degenerate oligonucleotide primed PCR (DOP-PCR) 28 . The correlation was evident both at the 177 read length level (~ 50 bp) and on a longer scale ~ 200 bp (Supplementary Fig. 9 ) that is 178 consistent with the size of purified DOP-PCR product 4 . In comparison to MDA or MALBAC 179 generated libraries, the smaller overall correlation magnitude (at the amplicon level) explains the 180 better uniformity of DOP-PCR. Interestingly, even for the MDA generated libraries, shorter 181 amplicon size tends to result in better uniformity ( Supplementary Fig. 9) ; the underlying 182 mechanism for this observation requires further characterization. 183
Genome coverage variation reflects allele-level bias 184
Coverage at the locus-level includes contributions from homologous chromosomes (the 185 allele-level coverage). The same non-uniformity in the genome coverage, however, may result 186 from different combinations of non-uniformity at the allelic level (Fig. 3a) . Although allele 187 coverage determines the sensitivity to detect heterozygous variants, we rarely consider this 188 aspect in bulk sequencing due to the comparable contributions of all alleles and largely uniform 189 coverage of the genome. In single-cell libraries, however, we often observe disproportionately 190
represented alleles and numerous loci may exhibit "allelic dropout" 5, 12 . Consequently, the 191 detection sensitivity of hemizygous variants is measured by the allele coverage and needs to be 192 derived from the genome coverage. 193
To predict the allele coverage from the locus-level genome coverage, we considered two 194 limiting scenarios: a "segregated template model" (STM) assuming completely independent 195 amplification of homologous chromosomes, and a "mixed template model" (MTM) assuming 196 identical coverage of homologous chromosomes (as expected in bulk sequencing) (Fig. 3a) . The 197 difference between the two models is most evident in highly amplified regions: STM implies 198 preferential amplification of one allele while MTM suggests that both alleles have been highly 199 amplified. Both models are analytically solvable and can be easily implemented computationally 200 (Methods, Supplementary Fig. 10) . 201 We compared the model predictions for allele-level coverage to the observation at 202 germline heterozygous sites detected from bulk DNA sequencing (Fig. 3b, Supplementary Figs . 203 5,11). For glioblastoma libraries (Fig. 3b) , both locus-and allele-level coverage was calculated 204 from disomic chromosome 12 at 1x sequencing depth. Coverage at heterozygous sites was 205 evaluated for different disomic chromosomes (5, 12, and 13) from higher-depth sequencing at 9-206 10x. As expected, the total coverage (reference plus alternate bases) at these sites agreed well 207 with the prediction for locus-level coverage, reflecting similar amplification bias for different 208 chromosomes with the same copy number. Meanwhile, coverage of either reference or alternate 209 bases followed the same distribution as predicted by the STM model. These results suggested 210 homologous chromosomes are amplified almost independently during WGA and manifest the 211 same degree of amplification bias. This discovery was further underscored by the agreement 212 between the observed coverage of monosomic chromosome 10 and the STM allele-coverage 213 prediction ( Supplementary Fig. 11) . 214 We further verified that coverage of alternate or reference alleles was indeed independent 215 of each other in the glioblastoma samples by looking at the distribution of alternate and reference 216 reads at heterozygous sites in disomic chromosome 5 (Supplementary Fig. 12 ). Interestingly, 217 the two-cell RPE-1 libraries showed positive correlations between the counts of the reference 218 and of the alternate alleles ( Supplementary Fig. 12 ), consistent with the MTM model 219 (Supplementary Fig. 11 ). Of the two published single YH1 libraries 
Census-based strategy enables efficient variant detection
Our analytical prediction of the allele coverage measures the average probability of 225 capturing a single variant read in single-cell sequencing. In sequencing analysis, however, more 226 than one observation of the variant is necessary to mitigate sequencing errors. This requirement 227 substantially reduces the percentage of detectable variants at low sequencing depths. In one 228 example (GBM#4, correlation magnitude ≈ 4 for disomic chromosomes), the normalized allele 229 coverage implied that only 13.3% of clonal hemizygous variants could be confidently detected at 230 a mean sequencing depth of 1x when requiring at least two reads for each variant 231 (Supplementary Fig. 11 ). This percentage increased with sequencing depth to a limit of 79% at 232 100x. In contrast, the sensitivity to detect a sub-clonal mutation with allelic fraction of 0.4 in a 233 bulk library at 10x sequencing is ~ 80% and quickly reaches > 95% at a sequencing depth of 234 To overcome this challenge, we devised an approach to sequence a large number of 238 single-cell genomes at only modest depths (~ 1x). We simultaneously controlled for errors 239 resulting from random MDA artifacts or from sequencing by requiring true variants to appear in 240 multiple libraries ("census based") (Fig. 4a) . We expected this population-based approach to be 241 effective only when the amplification bias is random, but not recurrent (Fig. 1c) . We thus 242 evaluated the correlation between the coverage of reference and alternate alleles in four 243 independent glioblastoma libraries. The small covariance (~ 0.01) between the coverage of each 244
given allele in different libraries is consistent with random MDA bias ( Table 1) . These data 245 contrasted with recurrent locus-specific amplification bias in degenerate-oligonucleotide-primed 246 PCR methods such as GenomePlex 30 . 247
We next examined how many single cells sequenced to the same total depth would 248 maximize the total allele coverage by census-based variant detection using a representative 249 library with modest bias (GBM#4, correlation magnitude ≈ 4) (Fig. 4b) . In all cases, our model 250 predicted maximum allele coverage when each individual cell was sequenced to a modest depth 251 (~ 1x). We repeated this calculation using each of the other libraries as the representative, and 252 found that the optimal depth for detecting clonal and sub-clonal variants is always ≲1x (Fig. 4c) . 253
To test this experimentally, we sequenced each of the following subsets of single 254 (Fig. 4d) . A similar improvement in sensitivity was observed for 264 the detection of sSNVs and indels among the single cells sequenced to ~ 0.33x and ~ 1x per 265 library (as opposed to ~ 10x per library), detecting more somatic variants found in bulk whole-266 exome sequencing with fewer private or false positive calls (Fig. 4e, Supplementary Data 1 ("mixed template model"). We proposed analytically solvable models that can 291 quantitatively predict the allele coverage of single-cell libraries at any sequencing depth. These 292 models provide the basic framework for estimating the detection sensitivity of hemizygous 293 genetic variants by single-cell sequencing. 294
The characteristic length in the coverage autocorrelation also determines the scale at 295 which the source of amplification bias should be characterized. In bulk DNA libraries, a 296 dominant bias at the fragment length level is shown to be associated with the sequence content 297 (GC%), but such bias quickly decays at longer length scales ( Supplementary Fig. 5 and 6) . In 298 MDA-generated libraries, however, we observed substantial variation even in regions with 299 similar GC content (Supplementary Fig. 6 ). This is in sharp contrast to MDAs from bulk 300 One technical complication in single-cell sequencing is DNA contamination. 327
Contamination of non-human-genomic DNA before whole-genome amplification will result in a 328 large percentage of sequencing reads that are not mapped to the reference assembly, which can 329 be readily identified and excluded by low-pass sequencing. The census-based strategy also 330 effectively controls human genomic DNA contamination limited to one single-cell library. 331
Contaminations to multiple single-cell libraries are usually present at many more copies than a 332 single-cell genome at the affected loci and should be recognizable as they are substantially 333 amplified after whole-genome amplification. 
Methods
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Amplification and sequencing of RPE-1 cells 345
The hTERT RPE-1 cell line stably expressing GFP-H2B was cultured and treated as 346 previously described 36 . Briefly, cells were transfected with a pool of siRNAs (Smartpool, 347 Dharmacon) against p53 using RNAiMAX (Invitrogen) according to the manufacturer's 348 instructions. 18-hours later cells were treated with Nocodazole (100 ng/ml; Sigma) for 6 hours. 349 G2/M arrested cells were harvested by mitotic shake-off and replated after three washes with 350 medium. 4h after replating, G1-released cells were sorted into 384-well tissue culture plates and 351 cultured. Confirmed single cells were allowed to divide once, before being washed twice with 352 PBS and lysed and amplified within the 384-well tissue culture plate as outlined above. 353
Amplified DNA from two RPE-1 cells after one round of cell division was subject to 354 standard whole-genome DNA library preparation and assessed by low-pass sequencing ~ 0.1x 355 using the MiSeq platform (Illumina). DNA libraries of RPE cells (3 total) were then sequenced 356 to 4-9x on the HiSeq2500 platform (Illumina). Bulk RPE-1 DNA was sequenced to ~12x on the 357
HiSeq2500 platform (Illumina). 358
Processing of single-cell sequencing data 359
Sequencing reads from published studies were downloaded from the NCBI Short Read 360
Archive. For the diploid YH genome, we downloaded all sequencing runs of the bulk reference 361 (SRR294761) and two single-cell samples, "BGI_YH1" (SRR294759), and "BGI_YH2" 362 (SRR294760). For diploid neurons, we downloaded all the data from SRP014781, including 363 sequencing data for the bulk DNA, and for the whole-genome amplified products from single-364 cell DNA, 100-cell DNA, and 50,000-cell DNA. For haploid sperms, we downloaded the deep 365 sequencing data of 8 single sperm libraries, "Sperm23" (SRS344176), "Sperm24" (SRS344190), 366 "Sperm 27" (SRS344191), "Sperm28" (SRS344192), "Sperm101" (SRS344222), "Sperm113" 367 (SRS344223), "Sperm135" (SRS344224), "Sperm136" (SRS344225). For SW480 tumor cells, 368
we obtained data corresponding to the bulk reference (SRS374235), a single-cell MDA library 369 (SRS375060), and five single-cell MALBAC libraries (SRS373654, SRS374233, SRS375671, 370 SRS375672, SRS375673). Data of the glioblastoma libraries were generated from a previous 371 study and can be accessible from SRP052627. 372
Reads were aligned to the human genome reference (hg19/GRCh37) using bwa 373 (http://bio-bwa.sourceforge.net/) in the paired-end mode. The RPE and glioblastoma libraries 374 were aligned by "bwa aln" followed by "bwa sampe" with default parameters. The 375 remaining data were aligned by "bwa mem". PCR duplicates were removed by 376
MarkDuplicates from PICARD (http://picard.sourceforge.net/). Sequencing data of the 377 glioblastoma libraries and the matching blood were recalibrated and indel-realigned by GATK 378 
Computation of auto-correlation function of sequence coverage 393
The dimensionless auto-correlation function of coverage is defined as 394 .
(1) 395
The brackets denote average over all genomic loci x and Δ measures the spread of correlation. In 396 computing the auto-correlation functions we only include regions not adjacent to the assembly 397 gaps. (Adjacency is determined by the step Δ.) 398
The correlation function is fitted to an exponential form to estimate the correlation length 399 l c : 400 where C is the total observed coverage at a given locus as a sum of contributions from each allele 418 denoted by m i . 419
In the presence of amplification bias both C and m i 's vary across the genome. The 420 distribution of C across different loci can be straightforwardly evaluated from the depth-of-421 coverage curve; here we want to infer the statistical distribution of m i when the distribution of C 422 is known. The segregated template model (STM) assumes that amplifications of homologous 423 chromosomes are independent. As a consequence, the counts of reference and of alternate bases 424 at heterozygous sites are independent, and one highly amplified allele may dominate over the 425 remaining ones. In the mixed template model (MTM), different alleles are assumed to beamplified to the same extent at every individual locus. As a result, the counts of reference and of 
